Front. Eng. Manag. 2025, 12(4): 1124-1140
https://doi.org/10.1007/s42524-025-4133-z

RESEARCH ARTICLE

Pingye TIAN, Qing YANG, Yingxin BI

Clustering new product development projects from the
perspective of knowledge management

© Higher Education Press 2025

Abstract Knowledge transfer among New Product
Development (NPD) projects is beneficial for reducing
project duration and promoting technological innovation.
To support effective knowledge transfer, we propose a
clustering method for NPD projects based on similarity,
integrating both structural and attribute similarities. First,
to measure project structural similarity, we analyze both
direct and indirect knowledge transfer relationships among
project activities using the dependency structure matrix
(DSM). Second, we measure project attribute similarity by
calculating knowledge increments derived from sequential
and iterative development processes. Finally, we apply a
hierarchical clustering method to group similar projects,
forming different programs. An industrial example is
provided to demonstrate the proposed model. The results
show that clustering projects into programs can enhance
multi-project management by reducing coordination time
for knowledge transfer within each program. Additionally,
this approach provides some new insights, including quan-
tifying project similarity based on knowledge transfer and
understanding the influence of structural and attribute
similarities on multi-project management.
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1 Introduction

Efficiently leveraging knowledge across new product
development (NPD) projects enables enterprises to gain
competitive advantages. Currently, many enterprises face
the challenge of concurrently and efficiently managing
multiple projects (Liu et al., 2024). Knowledge transfer
among NPD projects has the potential to shorten develop-
ment cycles and drive technological innovation (Korhonen
et al., 2016; Zhang et al., 2016). For example, the tech-
nology and experience accumulated by Apple during the
iPhone project were successfully transferred to the iPad
project. Features of the iOS operating system and user
interface design were reused in the development of the
iPad. This knowledge transfer helped Apple gain a
competitive advantage in the market. Consequently,
knowledge transfer among projects plays a crucial role in
ensuring program success (Zhou et al., 2022). Organiza-
tions require project management methodologies
grounded in a knowledge-based perspective to efficiently
coordinate multiple projects, teams and activities, thereby
ensuring the achievement of expected outcomes.

Identifying similar projects and clustering them into
programs can facilitate knowledge transfer among
projects and improve enterprise performance (Abbasi
et al.,, 2020). Similar projects typically share similar
knowledge related to development activities and prod-
ucts. Therefore, examining project characteristics is a key
approach to identifying project similarity. Klessova et al.
(2020) proposed that knowledge-based activity depen-
dencies (e.g., knowledge transfer) are critical for the rela-
tionship among projects in a program. However, previous
approaches for measuring project similarity were mainly
based on project pay item compositions (Qiao et al.,
2019) or the part/product networked operations sequence
(Navaei and Elmaraghy, 2018). Existing studies do not
consider knowledge transfer when measuring project
similarity.

Multi-projects can be viewed as a network with two
important features: a network structure that represents


https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z
https://doi.org/10.1007/s42524-025-4133-z

Pingye TIAN et al. Clustering NPD projects from the knowledge management perspective

relationships among projects and a node attribute that
describes the features of each project (Ou et al., 2022;
Yang et al., 2022). Therefore, we analyze the project
similarity from two dimensions: structural and attribute
similarities. First, existing approaches to measuring
project structural similarity are mainly based on the rela-
tionship of activity sequences (Navaei and Elmaraghy,
2016), but they ignored knowledge transfer in NPD
projects, especially the impact of knowledge transfer
related to indirect processes and activity iterations on
project structural similarity (Qiao et al., 2019). Activity
iteration refers to the repetition (or rework) of activities
represented by feedback loops or cycles. Iteration is a
fundamental feature of NPD projects, as it helps produce
satisfactory deliverables while increasing the risk of
rework in upstream activities (Yang et al., 2014). This
study proposes a method for measuring project structural
similarity based on knowledge transfer relationships. This
includes direct relationship (i.e., common activities
directly linking projects) and indirect relationship (i.e.,
intermediate activities in one project link the common
activities). We assume that common knowledge between
projects can facilitate knowledge transfer and increase
program management efficiency.

Second, as the project progresses, each project’s
knowledge is continually accumulated, representing
sequential-based knowledge increments. Meanwhile,
upstream activities receive feedback from downstream
activities, representing the iteration-based knowledge
increments. The reuse and sharing of common knowledge
between similar design activities across different projects
significantly influence project node attribute similarity.
Therefore, project node attribute similarity can be
measured by the sequential-based and iteration-based
knowledge increments of each project’s activities. This
comprehensive approach (i.e., integrating project structure
and attribute similarities) considers the process of applying
new external knowledge and sharing common knowledge
across projects. Knowledge transfer and sharing can save
development time and reduce project costs (Lin and
Wang, 2019).

Therefore, we present a knowledge-based synthesis
approach for measuring project similarity, which incorpo-
rates both structural and attribute similarities within a
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multi-project network (Fig. 1).

Design structure matrix (DSM) is a tool for analyzing
the coupling dependencies between elements in NPD
projects (Browning, 2016). Therefore, we use DSM
(Design Structure Matrix, recently known as Dependency
Structure Matrix or Dependency and Structure Modeling)
to visualize the intra-project knowledge transfer relation-
ship and knowledge increments. Existing studies on
process DSM have focused on representing the activity
sequence in an individual project (Browning, 2016).
However, they ignored multi-project knowledge transfer.
In this study, we measure multi-project similarity through
two types of coefficients: (1) structural similarity coeffi-
cients from intra-project knowledge transfer relationships
due to the common activity sequence, and (2) attribute
similarity coefficients from the perspective of knowledge
increments.

Clustering projects helps manage a multi-project archi-
tecture, where each project shares common knowledge to
handle similar activities, thereby increasing knowledge
transfer and improving overall project performance. A
substantial amount of literature has been developed on
clustering in project management. In the existing litera-
ture, K-means (Abdolvand et al., 2015), hierarchical clus-
tering algorithm (Daie and Li, 2016), two-stage clustering
criteria (Yang et al., 2014; Bi et al., 2020), and spectral
clustering method (Yang et al., 2022) are the most popular
approaches. Bi et al. (2020) proposed a model to measure
the connection strength among projects based on knowl-
edge transfer. They suggested a two-stage clustering
method that grouped projects with strong knowledge
connection strength to form a program instead of forming
similar projects into a program. However, it ignored the
integrated influence of project networks and failed to
represent the attributes of each project within the
network.

The hierarchical clustering method offers several
advantages, including the absence of the need to specify
the number of clusters in advance, better visualization
and interpretability, and an easily identifiable cut-tree
point for determining the number of clusters (Patriarca
et al., 2023; Vali et al., 2022). Consequently, this study
applies a hierarchical clustering algorithm for clustering
projects based on integrated similarity coefficients (i.e.,
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Fig. 1 Measuring integrated similarity among NPD multiple projects.
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both structural similarity and attribute similarity). A
detailed description of symbols used in this paper is
shown in Appendix A.

This study makes three key contributions: (1) It
contributes to the NPD project knowledge management
literature by analyzing the impact of sequence and iterative
processes among activities on knowledge transfer and
increment. (2) It helps project managers in evaluating the
knowledge-based similarity among projects and support
them in clustering multiple projects to facilitate knowledge
transfer. (3) It proposes a more sophisticated clustering
method for NPD projects than previous studies by
accounting for structural and attribute similarities among
projects.

2 Literature review

2.1  Multi-project management

The goal of traditional single-project management is to
maximise the performance of a single deliverable within
a given range of costs, quality and time. It has been criti-
cized for overlooking the reuse of critical elements such
as technology, components and market knowledge
(Haug, 2023). Consequently, organizations are faced with
the need to manage multiple projects effectively based on
their unique characteristics (Chen et al., 2022). Multiple
projects should be managed in parallel according to tech-
nology and market-related interdependency relationships
in a low-resource environment (Pan et al., 2022; Bai
et al., 2022). For example, Korhonen et al. (2016)
proposed that increasing component commonality and
reducing the number of different components used
between projects can reduce project costs. Therefore,
multi-project management theory emphasizes the impor-
tance of program and portfolio management from the
perspectives of technology transfer and knowledge
management.

2.2 Knowledge transfer and increment in NPD projects

Several researchers have analyzed NPD processes based
on knowledge transfer. For example, Stock et al. (2021)
emphasized the importance of knowledge transfer in
NPD and found that it plays a mediating role between
uncertainty and performance. Knowledge transfer, occur-
ring among different projects within a program through
similar activities, enables the reuse of relevant knowledge
across the entire program (Frank and Ribeiro, 2014). Due
to the complex and diversified characteristics of NPD
multi-projects, a wealth of project knowledge will accu-
mulate and flow continuously in the project contact
network composed of multiple participants. Argote and
Fahrenkopf (2016) proposed that an enterprise with rich
knowledge resources can apply them to multiple projects.
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Haug (2023) identified the factors that influence knowl-
edge transfer in NPD projects. On the other hand, some
literature also studied knowledge increments in NPD
projects. Zhang and Min (2022) argued that greater
knowledge increments and accumulation facilitate NPD
success and enhance innovation performance. Santoro
et al. (2006) analyzed knowledge increments and knowl-
edge transfer across organizations in a project’s progress.

In summary, although existing literature focuses on
knowledge management in NPD projects, it has not
analyzed the influence of knowledge transfer and knowl-
edge increments on project similarity. Consequently,
there exists an opportunity for enhancement by assessing
project similarity through the lens of knowledge transfer
and knowledge increments, enabling more efficient clus-
tering of similar projects.

2.3 Similarity and clustering of NPD projects

Knowledge is considered a strategic resource for enter-
prises because it provides a basis for long-term competitive
advantage (Xu et al., 2022). Therefore, program manage-
ment success is inseparable from proper knowledge
management. However, existing methods of measuring
NPD project similarity ignore knowledge-based behaviors
such as knowledge transfer. Qiao et al. (2019) proposed a
method for measuring the similarity of different projects
based on their pay-item compositions. Traditional methods
of measuring activity similarity are primarily based on
the number of joint activities, known as Jaccard similarity
(Xu et al., 2022). However, this approach cannot judge
the same number of common activities but different
activity sequences. Dissimilar project activity sequences
may lead to redundant personnel and machine idleness
considering the complexity of multi-projects. Navaei and
Elmaraghy (2016) proposed a similarity coefficient based
on a networked activity sequence. However, they did not
consider the impact of indirect and iteration-based knowl-
edge transfer relationships on the similarity coefficient.

Various clustering algorithms for project management
have been proposed in the literature. Yang et al. (2014)
proposed a two-stage clustering criterion to measure team
similarity in a product development project. Furthermore,
Yang et al. (2022) used the spectral clustering method to
cluster high-similarity teams. Abdolvand et al. (2015)
analyzed project performance from customers’ perspec-
tives using the K-means clustering algorithm. However,
these studies have mainly focused on comparing multiple
clustering methods, and few have considered the visual-
ization effect of clustering results. Daie and Li (2016)
managed multi-product variety through a hierarchical
clustering algorithm with good visualization and inter-
pretable effect. This study uses a hierarchical clustering
method to group projects with a high degree of similarity
into a program.

In summary, clustering projects based on the similarity
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of activity sequences offers several advantages, such as
minimizing machine idle time and reducing overall costs.
However, it is also crucial to consider the iterative and
indirect knowledge transfer among shared project activi-
ties.

3 Similarity-based clustering method for
NPD projects from the knowledge
management perspective

3.1 The framework of the proposed method

To improve knowledge management efficiency in NPD,
we propose a clustering method based on project similar-
ity. This method considers both structural similarity, due
to knowledge transfer, and attribute similarity, stemming
from knowledge increments. The similarity coefficients
between projects are used as inputs for an algorithm that
clusters multiple NPD projects. Our approach involves
three steps (Fig. 2).

(1) Measuring structural similarity among projects.
First, we calculate the structural similarity from direct
knowledge transfer by analyzing sequential and iterative
relationships between activities. Next, we assess the
structural similarity from indirect knowledge transfer by
examining the number of common intermediary activi-
ties.

(2) Measuring attribute similarity among projects. First,
we calculate the knowledge increments generated through
the sequential execution of activities. Next, we assess the
knowledge increments arising from iterative processes,
considering iteration probability and impact strength.
Finally, we use Euclidean distance to evaluate attribute
similarity between projects from the perspective of
knowledge increments.

(3) Clustering analysis for NPD projects. First, we
combine structural similarity and attribute similarity to
build an overall similarity coefficient among projects.
Then, the overall similarity coefficients are input into a
hierarchical clustering algorithm to segment multiple
projects. Finally, we evaluate the clustering results using
the Cophenetic Correlation Coefficient and the Silhouette
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Index.

3.2 Measuring project structural similarity based on
knowledge transfer

The sequence of activities establishes the intra-project
knowledge transfer relationship, as knowledge from
upstream activities can serve as input for downstream
activities (Bashir et al., 2022). In this process, upstream
activities transfer knowledge, then downstream activities
receive it. However, existing similarity coefficients for
networked activity sequences do not account for iteration
(Navaei and Elmaraghy, 2016). Furthermore, traditional
methods consider the impact of knowledge transfer rela-
tionships only when common activities between projects
are adjacent, overlooking those that are not adjacent (i.e.,
indirect connections).

Therefore, we extend the networked activity sequence
method and propose a structural similarity coefficient to
model intra-project knowledge transfer relationships.
This approach incorporates both the iterative characteris-
tics between activities and the impact of indirect connec-
tions.

3.2.1 Intra-project direct knowledge transfer
Intra-project knowledge transfer refers to the exchange of
information and experiences between upstream and
downstream activities within a single project (Cao et al.,
2024). We use the dependency structure matrix (DSM) to
describe the intra-project knowledge transfer relationship
among project activities. The process architecture of the
DSMs of two projects is a square matrix composed of
four parts, where the diagonal cells represent the activities
in a project (Fig. 3). For example, A, A,, A,, and A are
common activities in project 1 (P,) and project 2 (P,).
The off-diagonal entries in the DSM indicate direct rela-
tionships between activities. The sub-diagonal entries
represent sequential knowledge transfers, while super-
diagonal entries represent iteration-based knowledge
transfers.

NPD can be seen as a creative and innovative process
driven by iteration, which produces a satisfactory deliver-

Step 1 : Measuring structural similarity among projects

Step 2 : Measuring attribute similarity among projects

Step 3 : Project clustering analysis
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Fig.3 An example showing knowledge transfer of intra-
project via DSM.

able while causing upstream activities to undergo rework.
Upstream activities are repeated in response to feedback
from downstream activities. Activity iteration can
enhance the quality of a project’s ultimate deliverable.
Multiple iterations can also accelerate the project schedule
when appropriate iterative learning is applied. Thus,

|
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activity iteration is a key factor influencing structural
similarity. This paper assumes that if the sequence and
iterative processes of activities within two projects are
similar, then the two projects are also similar from the
perspective of knowledge transfer.

The connection between projects P, and P, can be
calculated using the DSM model. We use P, DSM(, j)
to represent whether there is a direct knowledge transfer
between activities i and j in project P; and
P, DSM (i, j) = 1 when direct knowledge transfer exists.
Therefore, if there is direct knowledge transfer between
activities i and j for both coupled projects P, and P,,
then P, DSM(,j)-P, DSM(i,j)=1. As knowledge
transfer 1is a directional process, ZlemaX(Zﬁl.
P, DSM(i., j.), Y., P, DSM(i., j.)) can represent accept-
ing knowledge relationships, aggregating the maximum
sum of rows between projects P, and P; of common
activities (e.g., A, A,, A, and A¢ of projects P, and P,),
respectively. Similarly, 2;-max(X;_, P, DSM(, j.),
27 P, DSM(i., j.)) is the sending of knowledge rela-
tionships, aggregating the maximum sum of columns
between projects P; and P; of common activities, respec-
tively.

Further, the structural similarity coefficient among
projects based on the intra-project direct knowledge
transfer relationship can be measured using Eq. (1):

Y 2 P DSM(, j)- P, DSM(, j) + ¥ X, P DSM(, j) - P, DSM(, j)

Skt_D(PIaPJ) =

where n represents the number of total activities of the
multi-project, m is the number of common activities
between projects, i, and j. are the rows and columns of
common activities between projects P; and P, respec-
tively.
3.2.2 Intra-project indirect knowledge transfer
According to Eq. (1), the intra-project knowledge transfer
relationship is dissimilar when common activities
between projects are not adjacent. However, the similarity
coefficient does not account for the two indirect knowledge
transfer relationships between projects P, and P,
(Fig. 3). The shadow represents intermediate activities
(A; and As) between A, and A4 in P,. For example,
activities A, and A4 are common in projects P, and P,,
directly linked in project P,, while part of the process in
P, is A, > A; > A5 — Aq; that is, activities A, and Ag
are linked through intermediate activities A; and As.
Hence, to supplement the aforementioned similarity coef-
ficient, we present the intra-project indirect knowledge
transfer relationship related to the number of common
intermediary activities.

Z_rz.:lmax(z:?:lpliDSM(ic’ch ZT:|P17DSM(icst))+Z:‘T,:lmax(zzzlPliDSM(imjc)s ZZ:|P17DSM(icsjc)),

M

Therefore, the indirect connection between projects P,
and P; can be calculated. The relationship between the
intermediate activities of common activities and indirect
knowledge transfer relationships is inversely propor-
tional. The greater the number of activities between non-
adjacent common activities, the weaker the impact on
knowledge relationships. As the number of knowledge
transfer edges connecting non-adjacent common activities
between projects is the value of intermediate activities
plus one, N, (i,,J.) 1s used to represent the number of
intermediate activities when projects P, and P, have an
indirect knowledge transfer relationship between

common activities. o PE— indicates
Zimzl Jm=1 (]Vm(lm’ ]m)+ 1)

the indirect impact of sending knowledge relationships
1

and T
o=
indirectiy accepting knowledge relationships. The former

is based on the number of intermediate activities calculated
by the column in DSM. The latter is based on the number
of intermediate activities calculated by the row in DSM.
Based on Eq. (1), the similarity coefficient influenced
by the indirect knowledge transfer relationship can be

7 (NG jo) + 1) indicates the impact of
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calculated using Eq. (2), the proportion of the indirect
knowledge transfer relationship relative to the aggregated
|

1
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maximum sum of rows and columns between projects P;
and P, of common activities:

1

SerD(P[’P.I) =

S Nl o) + D) 23 (NG o) + 1)

Je=1

3.2.3 Project structural similarity

According to Egs. (1) and (2), the project structural simi-
larity coefficient based on the intra-project knowledge
transfer relationship can be measured as follows:

Su(P,P))=S8u, (P,P)+S,, (P,P)). 3)

3.3 Measuring project attribute similarity based on
knowledge increments

During NPD, project knowledge is continuously devel-
oped. Knowledge increment refers to the process through
which a project gains new knowledge from previous
activities, specifically through knowledge learning that
results from activity iteration (Ochodek et al., 2019). This
study measures knowledge increments based on both the
sequential and iterative development of the activities
within each project.

3.3.1 Sequential-based knowledge increments

The sequential-based knowledge increment refers to
increasing knowledge by receiving upstream activity
information. The sequential-based knowledge increment
of each activity can be shown in the sub-diagonal DSM
of a project. The existing method of measuring knowledge
increment is mainly related to the duration devoted to
each activity (Carrillo and Franza 2006). Further, Ozkan-
Seely et al. (2015) proposed an incremental knowledge
development function, that is y(#) [D(#)]”, related to the
changing rate of knowledge development (i.e., y()), the
team’s current knowledge level (i.e., D(#)) and the
diminishing rate of return (i.e., p;). According to the
knowledge development function proposed by Ozkan-
Seely et al. (2015), we assume that the capability of
personnel (e.g., the workload of each person in a day) and
immediate work for similar activities in different projects
ensure that the activity durations are within a reasonable
range. Thus, we propose the sequential-based knowledge
increment model related to the duration of the activity,
representing the knowledge level of activity m of the
project P;:

P, KD(m) = w,In(D,, + 1), @)

> max(3], P, DSM(i., j), Y-, P; DSM(i., j) + %, max(%}_, P, DSM(i., j.), %)} _,P, DSM(ic, j.)’

2

I
where D, is the duration of activity m, u,, € (0,1) is the
changing rate of knowledge maturity, and its value is
affected by factors such as the quality and quantity of
personnel allocated to the project activity. In this study,
to normalize the value of P, KD, we determined the
value of y,, according to the actual situation of the project
and set it as a constant.

3.3.2 Iteration-based knowledge increments

Iteration-based knowledge increments refer to an increase
in knowledge through the receipt of feedback informa-
tion. The iteration-based knowledge increments of each
activity are shown in the super diagonal DSM of a
project. Existing research on activity iteration mainly
focuses on rework risk but ignores its influence on
knowledge increments. Rework risk can be calculated
using the rework probability and impact (Zou et al.,
2024). Therefore, we present an iteration-based knowledge
increment model related to the probability of iteration
(POI), iteration impact strength (/IS), and the number of
iterations (NOI). An example of this is shown in Fig. 4.

First, we integrate the iteration probability DSM and
iteration impact strength DSM to measure knowledge
increments generated by the iteration points corresponding
to the ith row and jth column of the super-diagonal of the
DSM. As shown in Fig. 4 (b), the super-diagonal
elements of probability DSM represent the probability
that the information of the downstream activity is iterated
to the upstream activity. The sub-diagonal elements of
probability DSM represent the probability that after the
upstream activity is iterated, its information will be
passed to the downstream activity and iterated again. For
example, POI(2,4) =0.6 indicates the probability that
the information of activity A, is iterated to activity A, is
60%. Figure 4(c) shows that DSM’s impact strength
refers to the percentage of iteration-based knowledge
increments to sequential-based knowledge increments.
For example, 1S (2,4)=0.5 means that activity A4
makes activity 4, generate iterative knowledge, and the
iteration-based knowledge increment amount of activity
Ay accounts for 50% of the sequential-based knowledge
increment. The iteration-based knowledge increments
influenced by the probability and impact strength from
activities j to i can be calculated as follows:
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Fig. 4 An example of calculating the knowledge increments-related iteration.

KIIP(l7.]) = POI(Z’])XIIS (iuj)xz:ln:[PlKD(m)
x POI (m, i) X I1S (m, i), 5)

where n is the number of project activities, POI(I, j)X
IIS (i, j) represents the increased value of knowledge
caused by direct iteration, and ., _,P; KI(m)Xx POI(m,i)x
11§ (m,i) represents the increased value of knowledge
generated by indirect iteration.

The NPD project improves gradually through multiple
iterations; therefore, the number of iterations should be
considered (Wu, 2015). As the number of iterations
increase, the rate of iteration-based knowledge increments
gradually decreases, and the total amount of iterative
knowledge of the activity increases spirally, similar to the
trend in knowledge acquisition ability (Wu, 2015). There-
fore, the rate of decreased knowledge with iteration
number (ROK)) can be approximated by Eq. (6):

ROK\(i, j) = ap X exp(Bo X (1 = N)) +, (6)

where N=1,2...i represents the number of activity itera-
tions. @, and [, are the knowledge learning ability
parameters; and ¢ is the correction parameter.

Therefore, we use the KIIy to measure the impact of
the number of iterations on iteration-based knowledge
increments corresponding to the ith row and jth column
of the super-diagonal DSM, as calculated using Eq. (7):

KILG, j) = Xy ROKy (i, j). ©

Furthermore, since KIIy is directly proportional to
KlI, Eq. (8) reflects the relative value of iteration-based
knowledge increments at each iteration point:

KII(, j) = po X KI1p (i, ) X K11y (i, ), ®)

where (i, is a constant greater than 0.

Finally, the total iteration-based knowledge increments
generated by the iteration of activity i in the project P,
can be obtained as follows:

P, KIG) =", KII(3,j). 9)

J=i+l

For example, according to Figs. 4(a)—4(c), we obtain
Fig. 4(d). K11,(2,4) = 0.6 x 0.5 x 0.659 x 0.5 x 0.5 =
0.049, KII,(3,4)=0.4x0.6x0.416x0.3x0.5=0.015.
Furthermore, by combining Fig. 4(e) with Egs. (6)—(7),
we obtainKIIy(2,4) =2.199, KII,(3,4)=3.201. Then,
multiplying the corresponding data in Figs. 4(d) and 4(e),
Fig. 4(f) can be obtained. KI1(2,4)=0.049%2.199 =
0.108,K11(3,4) =0.015x3.201 =0.048. Finally, by
adding the corresponding data in Figs. 4(a) and 4(f),
Fig. 4(g) is obtained. P, KI(2) =0.659+0.108 = 0.767,
P, KI(3)=0.416+0.048 =0.464.

3.3.3 Project attribute similarity

According to the above analysis, we present the total
knowledge increments for each activity of the project P,
by adding P, KD and P, KI:

P, KA(i))=P, KD()+ P, KI(i). (10)

Then, to achieve the most intuitive effect, we use the
Euclidean method, representing the straight-line distance,
to calculate the similarity coefficient between each pair of
projects. According to the knowledge increments of each
project’s activities in Fig. 5(a), the similarity distance
between each pair of projects can be calculated as follows:

Dk.Y(PI7P]) = Dks(PJ’PI)

= 2P KA(@~P, KA@), (1)
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where a=1,2,3,..., N indicates the activities. SP(P,P)) = wu XS (P, Py)+ XD, (Pr,P), (13)

Further, we measured the project attribute similarity of
multiple projects’ activities as follows:

Dl b = Dl PO = G by

In Eq. (12), a big D, (P;,P,) means a high project
attribute similarity between each pair of projects.

Based on the knowledge increments of each project’s
activities, we can calculate the matrix of the project
attribute similarity coefficient, which is a symmetric
matrix. In other words, the values of the super-diagonal
and sub-diagonal are numerically equal (Fig. 5(b)).

For visualization, we use an example with only three
activities in a three-dimensional space (Fig. 5(c)).
Projects P, and P; were close to each other, representing
a group of similar projects. Similarly, projects P,, Pi,
and Ps were close to each other, representing another
similar project group. The clustering situation shown in
Fig. 5(c) is consistent with the results of the similarity
matrix obtained using the Euclidean method (Fig. 5(b)).
Therefore, to handle situations with multiple activities,
we use the distance similarity method to improve the
accuracy of measuring project attribute similarity.

Using the above models, we obtain a project similarity
matrix from the perspective of knowledge management.

(12)

3.4 Clustering analysis of NPD Projects

3.4.1 Integrated similarity combined structural and
attribute similarity

To provide a more comprehensive approach for measuring
project similarity, we combine two similarity coeffi-
cients: structural similarity based on intra-project knowl-
edge transfer and attribute similarity based on knowledge
increments. Therefore, the similarity between projects P,
and P, can be measured using the following equation:

where w,, and w;, represent the weight of structural simi-
larity and attribute similarity, respectively, determined by
the project manager according to the characteristics of
multiple projects. wy, + w;, = 1.

After obtaining the integrated similarity coefficients,
we can cluster projects based on their similarity. This
clustering analysis enhances knowledge utilization and
resource productivity, while also reducing overall costs
and time.

3.4.2 Hierarchical clustering method

Based on the calculated similarity between projects, rele-
vant clustering algorithms can be used to cluster multiple
projects. The bottom-up agglomerative method is a
commonly used hierarchical clustering method (Daie and
Li, 2016). This method starts by treating each element as
an individual group, then identifies similar elements
based on linkage criteria, continuing until the specified
conditions are met and a cohesive cluster is formed. The
advantages of this method are as follows: (1) it does not
require pre-determining the number of clusters, and (2) it
provides effective visualization and is easy to interpret
(Patriarca et al., 2023). Therefore, this paper applies the
bottom-up agglomerative approach to cluster multiple
projects and uses the average linkage clustering algorithm
to find the solution.

Additionally, to select reasonable clustering results,
this study uses the Cophenetic correlation coefficient
(Kumar and Toshniwal, 2016) and the Silhouette index
(Gao and Wu, 2019) to evaluate the clustering outcomes.

4 Experiments and analysis of results

This study utilizes an industrial multi-project example to
illustrate the proposed concepts and models. We examine
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a multi-project scenario from a Chinese technology
company, which includes 14 projects: {P,, P,, P;, P,
Ps, Ps, P,, Py, Py, Py, Py, P, Pi3, Pi,}. The purpose
of these projects is to develop various models of mobile
phones, each comprising several development activities.
The activities have both sequential development relation-
ships and iterative relationships. Additionally, there may

Table 1 Duration and number of iterations of projects’ activities
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also be several common activities shared between the
projects. This type of product development project is suit-
able for validating the proposed model.

Table 1 provides detailed information on the multi-
projects, including the activities for each project, the
duration of these activities and the number of the iterations
between the activities.

Projects Activities Durations (days) Number of Iterations Projects Activities Durations (days) Number of Iterations

P Ay 14 Py Ay 15
Ay 10 Ay 10
Ag 8 As 4
Aq 15 A7—AgS A 10

Aq 16 A7—Ag5
P, A 10 Py A 16
Ay 3 A, 10
Az 5 A3—Ay3 As 3
Ay 12 As 3
As 18 As—A43 Ag 9

Ag 20 Ay 16 A=Al
P; A} 3 Pio Ay 3
Ay 8 A, 17
As 5 Ay 5
Ag 3 Ag—AS As 12

Ag—As:2 Ag 3 Ag—A3
Ay 5
P4 A 3 Py Ay 10
Ay 21 Ay 15
Az 5 As 18

As 7 Ag 19 A¢—As:3
Ag 3 Ag—As2 P> Ay 16
Ay 6 Ay 10
Ps Al 10 A3 3
Ay 3 Ay 3
Ay 16 As 3
As 18 As—A4S Ag 8

As 21 Ag—As:4 Ay 14 A7—Ag:l
Pe Ay 3 Py Ay 16
Ay 21 A, 10
As 12 As 3
Ay 5 Ag 11

A7 16 Ar—Ac4
P Al 16 Py Ay 9
Ay 10 A 6
Ay 3 Ay 15
Ag 11 Ag—AS As 20

Ay 14 A7—AgS Ag 20 Ag—As3
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The activities are named as follows: Activity A4
(customer requirements analysis), Activity A4, (chip
design), Activity 43 (memory design), Activity 44 (screen
design), Activity 4s (battery design), Activity 4 (product
verification), and Activity 47 (product trial operation). In
this study, key factors influencing project similarity
include the sequential development relationships, iterative
relationships between activities, and the number of shared
activities.

We interviewed the program manager, project
manager, and other core project members of the firm. The
following key questions were investigated during the
interviews: (1) How can knowledge be defined and
measured in practical projects? (2) To what extent does
the enterprise use knowledge to manage multiple
projects? How can enterprises realize knowledge
transfer? (3) How can we understand common activities
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and identify relationships among projects in practice?
How do iterations affect inter-project knowledge
transfer? And so on. According to the responses provided
by the interviews, we found that the enterprise realized
the importance of knowledge transfer among multiple
projects. Therefore, it is necessary to study project clus-
tering by identifying the similarity of knowledge among
projects through common activities. Additionally,
projects with similar knowledge transfer relationships
should be grouped to enhance communication, coordina-
tion, and knowledge transfer.

We present the knowledge transfer relationship graphs
of these multi-projects, as shown in Fig. 6, an extended
application of DSM in the multi-project domain. It
indicates knowledge transfer relationships from two
levels: one is the intra-project knowledge transfer rela-
tionships based on the actual condition of the 14 projects

Project 1 | Project 2 [Project 3 Project4 | ProjectS | Project6 | Project7 | Project® | Project9 | Project 10 | Project 11.  Project 12 Project 13 | Project 14
A1 A2]AG[ AT AT[A2 A3 4] AS] A a1 [A2] AS[ A6 A1 A2]A3[AS]A6[A7| a1 [ 2 |aa] S| A6 At A2 AS A7 At [aa] Ad w6 A7 A [ 2 AS] Ao a7 At]aa 3| S| e[| a1 [A2] [ As] e A7 | a1 a] s s At A2 a3 Ad]aS]A6] A7 [ a2 | 8] w61 A7 | a1 [ 3] ad[ A 6
— Al AL . . . . .
g az| < [N . . . . .
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|
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Fig. 6 An example of representing the knowledge transfer among projects.
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(diagonal matrices). The other is the knowledge transfer
between each pair of projects by comparing the amount
of each project’s knowledge increment based on
sequence and iteration (off-diagonal matrices). As shown
in Fig. 6, each diagonal matrix shows the information of
intra-project knowledge transfer relationships. The sub-
diagonal marks denote the sequential-based knowledge
transfer relationships, and the super-diagonal marks indi-
cate the iteration-based knowledge transfer relationships.
Then, using Egs. (4)—(10), we measured the total knowl-
edge increment of each activity. In Egs. (4)—(8), u,, = 0.3,
@=0.75, By =0.18, 6=0.1, py=1, @,=0.3, and
i, = 0.7 are evaluated through simulation experiments
and project managers’ experience. The dots in the off-

diagonal matrices represent the knowledge transfer
among projects (i.e., the red dots in the upper-right part
of the DSM represent the knowledge transfer from the
column to the row project. The red dots in the lower-left
part of the DSM represent the knowledge transfer from
the row project to the column project). Therefore, activities
iteration and knowledge transfer among multiple projects
in one DSM can be expressed, enhancing visibility in
multi-project management.

Next, based on the intra-project knowledge transfer
relationships (indicated by the marks in the diagonal
matrix in Fig. 6) and Egs. (1)—=(3), we calculated the
project structural similarity using Matlab software
(Table 2(a)). Furthermore, using the data in Table 1 and

Table 2 The calculation results of the project similarity matrix

Py Py P Py Ps Pe Py Py Py Pio Py Py Pi3 Py
Py 1 0.37 0.44 0.50 0.43 0.43 0.67 0.80 0.60 0.46 0.00 0.58 0.80 0.00
P, 0.37 1 0.46 0.56 0.62 0.37 0.46 0.23 0.36 0.53 0.54 0.50 0.50 0.53
Ps 0.44 0.46 1 0.75 0.64 0.50 0.60 0.38 0.25 0.71 0.67 0.43 0.61 0.54
Py 0.50 0.56 0.78 1 0.61 0.63 0.42 0.40 0.56 0.60 0.67 0.59 0.64 0.69
Ps 0.43 0.62 0.64 0.61 1 0.44 0.46 0.38 0.33 0.53 0.69 0.50 0.54 0.60
Ps 0.43 0.37 0.50 0.63 0.44 1 0.37 0.70 0.67 0.60 0.40 0.47 0.67 0.33
Py 0.67 0.46 0.60 0.42 0.46 0.37 1 0.89 0.46 0.80 0.44 0.56 0.50 0.40
Py 0.80 0.23 0.38 0.40 0.38 0.70 0.89 1 0.77 0.41 0.12 0.62 0.71 0.10
Py 0.60 0.36 0.25 0.56 0.33 0.67 0.46 0.77 1 0.37 0.12 0.76 0.61 0.50
Pio 0.46 0.53 0.71 0.60 0.53 0.60 0.80 0.41 0.37 1 0.61 0.67 0.67 0.67
Py 0.00 0.54 0.67 0.67 0.69 0.40 0.44 0.12 0.12 0.61 1 0.54 0.44 0.83
Pia 0.58 0.50 0.43 0.59 0.50 0.47 0.56 0.62 0.76 0.67 0.54 1 0.71 0.73
Pp3 0.80 0.50 0.61 0.64 0.54 0.67 0.50 0.71 0.61 0.67 0.44 0.71 1 0.40
Py 0.00 0.53 0.54 0.67 0.60 0.33 0.40 0.10 0.50 0.67 0.83 0.73 0.40 1
(a) project structural similarity matrix

Py Py P Py Ps Pe Py Py Py Pio Py Pis Pi3 Py
Py 1 0.38 0.45 0.48 0.38 0.46 0.70 0.67 0.63 0.47 0.37 0.58 0.70 0.36
P 0.38 1 0.45 0.44 0.64 0.39 0.41 0.41 0.43 0.47 0.58 0.48 0.41 0.67
Ps 0.45 0.45 1 0.56 0.44 0.59 0.43 0.49 0.46 0.57 0.42 0.45 0.48 0.40
Py 0.48 0.44 0.56 1 0.40 0.59 0.45 0.53 0.57 0.57 0.38 0.54 0.52 0.40
Ps 0.38 0.64 0.44 0.40 1 0.39 0.41 0.41 0.40 0.49 0.70 0.44 0.41 0.58
Ps 0.46 0.39 0.59 0.59 0.39 1 0.44 0.50 0.47 0.59 0.37 0.46 0.49 0.36
P 0.70 0.41 0.43 0.45 0.41 0.44 1 0.61 0.58 0.49 0.40 0.63 0.63 0.38
Pg 0.67 0.41 0.49 0.53 0.41 0.50 0.61 1 0.70 0.53 0.40 0.63 0.93 0.38
Py 0.63 0.43 0.46 0.57 0.40 0.47 0.58 0.70 1 0.49 0.39 0.70 0.71 0.40
Py 0.47 0.47 0.57 0.57 0.49 0.59 0.49 0.53 0.49 1 0.44 0.53 0.51 0.42
P 0.37 0.58 0.42 0.38 0.70 0.37 0.40 0.40 0.39 0.44 1 0.42 0.40 0.63
P 0.58 0.48 0.45 0.54 0.44 0.46 0.63 0.63 0.70 0.53 0.42 1 0.63 0.43
Pi3 0.70 0.41 0.48 0.52 0.41 0.49 0.63 0.93 0.71 0.51 0.40 0.63 1 0.38
Py 0.36 0.67 0.40 0.40 0.58 0.36 0.38 0.38 0.40 0.42 0.63 0.43 0.38 1

(b) project attribute similarity matrix
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(Continued)
Py P, P Py Ps Pe Pq Pg Py Pro Py Pra Pi3 P4
Py 1 0.38 0.45 0.48 0.39 0.45 0.69 0.71 0.62 0.47 0.26 0.58 0.73 0.25
P, 0.38 1 0.45 0.48 0.64 0.38 0.43 0.36 0.41 0.49 0.57 0.48 0.44 0.62
P3 0.45 0.45 1 0.61 0.50 0.57 0.48 0.46 0.40 0.61 0.49 0.44 0.52 0.44
Py 0.48 0.48 0.61 1 0.47 0.61 0.44 0.50 0.57 0.58 0.47 0.55 0.56 0.49
Ps 0.39 0.64 0.50 0.47 1 0.41 0.43 0.40 0.38 0.50 0.69 0.46 0.45 0.58
Ps 0.45 0.38 0.57 0.61 0.41 1 0.42 0.56 0.53 0.60 0.38 0.46 0.54 0.35
P 0.69 0.43 0.48 0.44 0.43 0.42 1 0.69 0.54 0.69 0.41 0.61 0.59 0.38
Py 0.71 0.36 0.46 0.50 0.40 0.56 0.69 1 0.72 0.49 0.32 0.63 0.87 0.30
Py 0.62 0.41 0.40 0.57 0.38 0.53 0.54 0.72 1 0.46 0.31 0.72 0.68 0.43
Pro 0.47 0.49 0.61 0.58 0.50 0.6 0.69 0.49 0.46 1 0.49 0.57 0.56 0.49
Py 0.26 0.57 0.49 0.47 0.69 0.38 0.41 0.32 0.31 0.49 1 0.46 0.41 0.69
Py 0.58 0.48 0.44 0.55 0.46 0.46 0.61 0.63 0.72 0.57 0.46 1 0.65 0.52
Pi; 0.73 0.44 0.52 0.56 0.45 0.54 0.59 0.87 0.68 0.56 0.41 0.65 1 0.39
Py 0.25 0.62 0.44 0.49 0.58 0.35 0.38 0.30 0.43 0.49 0.69 0.52 0.39 1

(c) project similarity matrix

Egs. (4)—(12), we calculated the project attribute similarity
(Table 2(b)). Subsequently, based on Tables 2(a) and 2(b)
and Eq. (13), we obtained the project similarity matrix
(Table 2(c)). Finally, we applied the hierarchical clustering
algorithm using Python 3.0 to obtain the clustering
results.

4.1 Clustering analysis

4.1.1 Clustering results

Figure 7(a) shows a solid line across the cluster tree to
distinguish between three programs: Program 1 [P,, Ps,
Py, and P], Program 2 [Py, P;, Ps, Py, Py, and P;] and
Program 3 [P, P,, Ps and P,,]. The hierarchical clustering
heat map is shown in Fig. 7(b).

Table 3 shows that agglomerative hierarchical clustering
using the average linkage method generates the highest
Cophenetic correlation coefficient compared to the other
six distance metric approaches.

The clustering results can be evaluated using the
Silhouette index (Table 4). A high Silhouette index indi-
cates good clustering performance. Based on this, we
determine the optimal number of clusters for our
proposed method to be three, dividing the 14 projects into
three categories.

4.1.2 The influence of attribute similarity on clustering
results

Project attribute similarity has a significant influence on
the clustering results. Typically, projects with high
attribute similarity facilitate knowledge transfer. Thus,

their structural similarity is high. However, in some
cases, the project attribute similarity based on total
knowledge increment and the project structural similarity
based on the knowledge transfer relationships may be
inconsistent. Figure 8 shows the clustering results when
o, =0.75 and w,, = 0.25, indicating that the importance
of the structural dimension is higher than that of the
attribute dimension. The clustering result is as follows:
Program G1 [P,, P;, P,, Ps, Py, P,,, and P,,], Program G2
[Py, P;, and Pg], and Program G3 [P, Py, P1,, and P3].
For example, in Program G1 [P,,Ps, P, Ps, Py, Py, and
P.,], even though project P, has low attribute similarity
with projects P;, P,, and Py, they are still grouped in the
same program due to strong knowledge transfer relation-
ships. When we increase the weight of attribute similarity
(i.e., from w;, = 0.25 to @, = 0.7), Program G1 no longer
contains projects P;, P,, and P,,. Program G2 and part of
Program G3 form Program 2.

From the above results, we conclude that the implications
of program clustering are based on project similarity
across several dimensions. Grouping projects with a high
degree of similarity into programs facilitates knowledge
transfer, thus reducing the costs associated with knowledge
transfer between different projects. The proposed cluster-
ing approach helps project managers categorize multiple
projects into distinct groups (or clusters). Within each
group, the experience and knowledge gained from one
project can be transferred to the next, enabling the organi-
zation to avoid redundant efforts and enhance knowledge
transfer efficiency. Additionally, clustering analysis can
reveal the specific resource or skill requirements for
certain projects, which can facilitate more effective
resource allocation.
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using hierarchical clustering.

Table 3 Comparison of Cophenetic correlation coefficient with different distance metrics

Ward Single Average Complete Median Centroid Weighted

Cophenetic correlation coefficient 0.867 0.860

0.873 0.869 0.866 0.864 0.871

Table 4 Comparison of Silhouette index with different clustering results

Results of our proposed method Alternative 1 Alternative 2 Alternative 3
# Clusters 3 2 4 5
Silhouette index 0.347 0.342 0.258 0.207
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Fig. 8 Results when the structural dimension is higher than the attribute dimension.

4.2 Comparison tests

We used Project 4 (P,) as an example to assess the influ-
ence of indirect connections between common activities
and iterative relationships on the project similarity coeffi-
cient. By combining the intra-project knowledge transfer
relationships (the marks in the diagonal matrix in Fig. 6)
with different equations, we obtained the comparison
results of the similarity coefficient between P, and the
other projects (Table 5). In Table 5, we use the abbrevia-

tions B, S1, S2, and S3 to represent the baseline values,
Situationl, Situation2 and Situation3, respectively. The
different values of Baseline, Situationl, Situation2 and
Situation3 represent direct knowledge transfer (i.e., tradi-
tional equation without iteration), iteration-based direct
knowledge transfer (i.e., Eq. (1)), direct and indirect
knowledge transfer (i.e., Eq. (3) without iteration), and
iteration-based and direct and indirect knowledge transfer
(i.e., Eq. (3)), respectively.

We plotted a line chart based on Table 5 (Fig. 9) to
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Table 5 Comparison results of similarity coefficient between P4 and other projects
Py Py P Py Ps Pe Py Pg Py Po Py Pra Pi3 Py
B 0.50 0.73 0.67 1 0.40 0.50 0.50 0.33 0.46 0.67 0.57 0.62 0.80 0.55
S1 0.40 0.50 0.67 1 0.46 0.44 0.33 0.27 0.38 0.53 0.68 0.47 0.57 0.62
S2 0.63 0.82 0.78 1 0.60 0.71 0.63 0.58 0.69 0.75 0.57 0.77 0.90 0.64
S3 0.50 0.56 0.78 1 0.61 0.63 0.42 0.40 0.56 0.60 0.67 0.59 0.64 0.69
1.2
Baseline =+= Situationl Situation2 = 4= Situation3
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Fig. 9 Similarity coefficient between P, and other projects.

facilitate comparative analysis. There are several important
considerations in these results shown in Fig. 9.

(1) Iteration-based direct knowledge transfer (Situation
1) has a significant impact on project similarity. For
example, the similarity coefficient of the sequential-based
knowledge transfer relationship between projects P, and
Py;, based on their sequential knowledge transfer rela-
tionship, is most influenced by iteration-based knowledge
transfer (i.e., the iterative knowledge transfer between P,
and P,; occurs from activities As to As and A; to As,
respectively). Therefore, the project similarity influenced
by the iteration-based direct knowledge transfer relation-
ship is significantly reduced (Baseline and Situations 1,
2, and 3 in Fig. 9). Consequently, the knowledge transfer
relationship between projects P, and P,; is weak, so they
are managed in different programs. On the other hand,
strong knowledge transfer relationships within a program
can enhance knowledge sharing and minimize unnecessary
investments. Therefore, iteration-based direct knowledge
transfer relationships (i.e., Eq. (1)) should not be over-
looked when assessing project similarity.

(2) Indirect knowledge transfer relationships within an
intra-project (Situation 2 and 3) can reinforce the similarity
of interdependent projects. Therefore, projects with
strong knowledge transfer relationships should be
grouped into the same program. For example, Fig. 10
shows that the similarity coefficient between P and P, is
equal to P; and P,. At the same time, P is more similar
to P, than P; when considering the intra-project indirect
knowledge transfer relationship of common activities.
Therefore, there are two indirect knowledge transfer rela-
tionships between projects P, and P (ie.,
A, > A; > Ag—> A; and As —» Ag — A;) and only one

between projects P, and P; (i.e., A, = A; = Ag). The
results also show that the intra-project indirect knowledge
transfer relationship between each pair of common
activities can affect the degree of project structural simi-
larity, as S, p(P3, Py) =S o p(P11, Py), while S ,,(P3, Py) >
S 4s(P11, Py). In other words, when there are many indirect
knowledge transfer relationships among projects, the
interaction relationship is strengthened, thereby increasing
the project similarity coefficient.

4.3 Discussion

Our research contributes to the literature on NPD multi-
project management. First, although existing literature
suggests that knowledge transfer between NPD projects
can enhance organizational creativity (Korhonen et al.,
2016), they ignore proposing a method to facilitate this
transfer. This paper addresses this gap by developing a
similarity-based clustering approach for NPD multi-
projects, which models both knowledge transfer relation-
ships and knowledge increments across projects.

Secondly, existing studies assessed the similarity
among projects based on the number of common activities
(Xuetal.,2022). This study presents a more comprehensive
approach based on a network perspective than previous
literature, which encompass a fusion of structural and
attribute similarities of the project network. It also takes
into account the influence of project network features on
determining project similarity.

Thirdly, we propose a method for calculating structural
similarity among projects that accounts for both direct
and indirect knowledge transfer within projects. This
approach explains direct and indirect knowledge transfer
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relationships by analyzing sequence and iteration

between activities. This inclusion reflects their substantial
impact on project structural similarity. Additionally, we
propose a method for measuring attribute similarity
among projects, which integrates both sequential-based
and iteration-based knowledge increments.

Moreover, this paper also contributes to the practical
management of NPD multi-projects. First, the proposed
similarity-based clustering method helps project
managers organize multiple projects into distinct
programs, thereby fostering knowledge sharing across
projects. By enhancing the efficiency of knowledge trans-
fer, project teams can more quickly acquire the necessary
knowledge and experience, ultimately shortening devel-
opment cycles and improving both the innovation and
quality of new products.

Secondly, we provide an evaluation method that inte-
grates structural and attribute similarities, enabling
project managers to more accurately assess the similarity
between projects. This approach enables project
managers to better identify and manage similarities, opti-
mizing resource allocation and project portfolio manage-
ment, and ultimately improving project success rates.

5 Conclusions

This study proposes a similarity-based clustering method
for managing complex NPD multi-projects, measuring
both structural and attribute similarities among projects
from the perspective of knowledge management. First,
we extend existing research on similarity coefficients
based on activity sequences by incorporating the influence
of intra-project indirect and iterative processes for knowl-
edge transfer, thus enabling a more comprehensive
measurement of project structural similarity. Second, we
propose a more sophisticated view than prior approaches
to quantifying project attribute similarity by measuring
knowledge increments from both sequential and iterative
activity interactions. Third, we use the hierarchical clus-
tering method to group high-similarity projects and form
different programs to promote knowledge transfer by

synthesizing both the structural and attribute similarity
coefficients.

We also propose several potential research opportunities
for the future. First, although our method is primarily
designed for physical product development, its underlying
principles and framework can be extended to a wider
range of projects. By adjusting the project similarity
calculation methods and clustering criteria, it could be
applied to software system development and pharmaceu-
tical development. Second, our method is focused on
clustering projects within a single enterprise. A key
avenue for future research is to enhance this method,
making it more universally applicable across different
organizations or industries. Finally, beyond knowledge
increments from activities, other project characteristics
should be explored to refine the measurement of project
attribute similarity coefficients.
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Appendix A

Acronyms table of each equation.

Acronyms Definitions

S D The project structural similarity coefficient based on the

B intra-project direct knowledge transfer relationship.
Sk ID The project structural similarity coefficient influenced by
B the intra-project indirect knowledge transfer relationship.

Skt The project structural similarity coefficient based on the
intra-project knowledge transfer relationship.

P; KD The sequential-based knowledge increment model.

POI Probability of iteration.

118 Iteration impact strength.

NOI Number of iterations.

KIIp The iteration-based knowledge increments influenced by
POI and 11S .

ROKy The rate of decreased knowledge with iteration number.

KIIy The iteration-based knowledge increments influenced by
NOI.

KII The iteration-based knowledge increments at each iteration
point.
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Acronyms Definitions

P; KI The iteration-based knowledge increments model.

P; KA The knowledge increment model.

Dy The similarity distance model.

D The project attribute similarity coefficient based on
knowledge increments.

SP The project similarity model (combined structural and
attribute similarity).
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